How important are cross-stock common factors in the price discovery/liquidity provision process in equity markets? We investigate two aspects of this question for the thirty Dow stocks. First, using principal components and canonical correlation analyses we find that both returns and order flows are characterized by common factors. Commonality in the order flows explains roughly half of the commonality in returns. Second, we examine variation and common covariation in various liquidity proxies and market depth (trade impact) coefficients. Liquidity proxies such as the bid-ask spread and bid-ask quote sizes exhibit time variation which helps explain time variation in trade impacts. The common factors in these liquidity proxies are relatively small, however. 
Introduction
An open issue in the microstructure of equity markets is the role of common crossfirm variation in short-horizon returns, order flows and liquidity. Since order flows are generally held to contain informed components, does common covariation in stocks' orders account for the covariance structure of short-term returns? Furthermore, is liquidity driven by strong common factors? The equity market breaks of 1987 and 1989, as well as the debt market crisis of 1998, for example, are widely perceived as systematic breakdowns in liquidity.
These issues are important for both microstructure theory and for institutional trading practice. Subrahmanyam (1991) , Chowdhry and Nanda (1991) , Kumar and Seppi (1994) , Caballe and Krishnan (1994) have all extended the work of Kyle (1984 Kyle ( , 1985 to multiasset markets by adding investors who are informed about macroeconomic factors and/or who have portfolio-wide liquidity shocks (e.g., portfolio substitution). In such environments intermarket price discovery and order flow dynamics are obviously more subtle than when private information and/or trading noise is purely idiosyncratic.
To date, however, little direct empirical research has been conduction on the magnitudes of cross-stock interactions at the microstructure level. Given the sheer size of the Fitch, ISSM, TAQ and TORQ databases, it is perhaps not surprising that previous work has tended to focus on individual stocks in isolation from each other. This focus on stocks in isolation has, however, left us ignorant of even the most basic facts about crosssectional interactions between stocks. This paper answers these questions in two ways. First, we use principal components analysis to show that common factors exist in the order flows and returns of the 30 stocks in the Dow Jones Industrial Average (DJIA). In addition, canonical correlation analysis documents that the common factor in returns is highly correlated with the common factor in order flows. Second, we find evidence of a common factor in quote-based proxies for liquidity, and to a lesser degree, in inferred price impact coefficients, after controlling for previously documented time-of-day seasonalities.
We choose the thirty Dow stocks as our sample because the rapid pace of trading there allows us to construct high-frequency trading measures which should closely approximate the idea of contemporaneous (i.e. simultaneous) order flow across stocks (as in Subrahmanyam (1991) and op. cit.) as well as giving us frequently updated prices. In particular, we aggregate trading for each stock over fifteen minute intervals and measure price changes using the quote mid-points at the beginning and end of each interval. This paper is organized as follows. Section 2 establishes the motivation for the study and reviews relevant earlier work. A simple microstructure specification that serves as the basis for the empirical analysis is discussed in Section 3. Section 4 describes the data. The joint statistical properties of returns and signed order flows are analyzed in Section 5; those of absolute returns and unsigned order flows, in Section 6. Section 7 explores variation and covariation in liquidity proxies derived from quote data. Section 8 attempts to relate variation in these proxies to the price impacts of trades. A brief summary concludes the paper in Section 9.
Economic Framework

a. Model
We start with a simple and conventional linear model of transaction-time market dynamics for the ith firm: If we adopt the timing convention that public information in u i,τ arrives after trade τ, then the quote midpoint prevailing prior to trade τ is m i,τ-1 . The transaction price, τ , i p , of trade τ is given by the prevailing midpoint plus a disturbance:
s is the effective half-spread, an approximate measure of the trading cost to the active side of the transaction. This quantity is easy to compute, but some care must be taken with its economic interpretation. It is the difference between the transaction price and the pre-trade quote midpoint, and so impounds the information inferred from the trade. The difference between the transaction price and the quote midpoint immediately
It is this last expression that constitutes the transient component of the transaction price.
We ask several broad empirical questions about this model. First, in equation (1) do common factors exist in stocks' order flows, x i,τ , due either to information or liquidity shocks? And if so, to what extent can commonality in order flows explain any commonality in returns, r i,τ ? Second, does market depth (as measured by τ λ , i ) vary stochastically over time. And if so, is this time variation systematic across stocks?
Similarly, we also ask whether there are commonalities in the effective half-spreads τ Informed order flow is not separately observed by uninformed market participants, including the quote setters. The expected intensity of informed order flow is, however, reflected in the impact coefficients τ λ , i . We hypothesize that time variation and common factors may exist in these coefficients. Fluctuations in the supply of liquidity may, similarly, lead to time variation in τ , i s .
b. Previous Literature
Our investigation of cross-stock interactions builds on a foundation of prior work on the price, volume, and liquidity properties of individual stocks viewed in isolation (surveyed in O'Hara (1995) and Hasbrouck (1996a) ). The study of common factors in stock returns is a classic theme in financial economics. Although the standard asset pricing models (e.g., CAPM, APT) do not assign a significant role to trading per se, Lo and Wang (1997) show that certain assumptions about portfolio rebalancing and liquidation imply a factor structure for trading volume.
The approach in our paper, in contrast to Lo and Wang (1997) , is more descriptive and statistical, and assigns no distinctive role to factor portfolios. This may be justified by noting that modern microstructure theory ascribes a prominent informational role to trading. Cross-firm commonalities in informationally-motivated order flows need not necessarily parallel the factor structure in returns.
Chordia, Roll, and Subrahmanyam (1998) explore cross-sectional interactions in liquidity measures using quote data. They assign a particular role to the market portfolio.
In contrast, our study characterizes relationships involving returns and order flows as well as liquidity. However, while we study a cross-section of just the thirty Dow firms, Chordia et al use a cross-section of roughly one thousand stocks.
Another line of research on cross-sectional interactions is the work on index arbitrage and the cash/futures basis.
1 In this case, however, strong interactions across markets are expected a priori, since, after all, it is exactly the same portfolio which is traded in different locations. In contrast, the Dow stocks in our study, while closely related (i.e., given their common price factors), are far from perfect substitutes. In some sense, we are trying to quantify how close is "closely related" in terms of common factors in prices, volume and liquidity.
Two forms of time-varying liquidity have been previously documented. First, Wood, McInish, and Ord (1985) , Jain and Joh (1988) and Foster and Viswanathan (1990) (among others) study deterministic (e.g., time-of-day) components. Second, variation has been studied around earnings reports (Lee, Mucklow, and Ready (1993) ), dividends (Koski (1996) ), stock splits (Desai, Nimalendran, and Venkataramaan (1998)), take-over announcements (Foster and Viswanathan (1994) ) and other identifiable events. We, in contrast, are interested in stochastic (rather than predictable) variation in liquidity and, in particular, in possible co-variation due to common components rather than largely idiosyncratic firm-specific events.
An important paper which does look at stochastic liquidity is Foster and Viswanathan (1995) who use simulated method of moments to estimate a repeated oneperiod Kyle model with time-varying parameters. Caballe and Krishnan (1994) extend their approach by adding a second stock to look at interaction effects. In contrast, ours is a less structural approach distinguishing between common and idiosyncratic factors for a broader cross-section of stocks.
Methodology
The primary purpose of this paper is to characterize the properties of the model in equations (1) and (2) across firms. To achieve this, we use panel specifications across firms and across time periods. In particular, we aggregate trades within fifteen minute intervals to get a time-aggregated version of equation (1):
where m i,t is the quote midpoint prevailing at the close of interval t, t i x , is the sum
x of the trades in interval t, and the market depth parameter τ λ , i for each trade τ is assumed to be a constant, t i, λ , within each interval.
We employ principal component and canonical correlation techniques to investigate commonalities in returns and order flow. These approaches assume latent random components. Principal components analysis is used to determine the linear compounds with maximal power in explaining the total variance of a set of variables (e.g., (2) for each trade within the fifteen minute interval.
The panel series are then studied using principal components.
Data a. Overview
The data for this study are from the NYSE's TAQ database, which contains all trades and quotes for stocks listed on the NYSE, the AMEX and NASDAQ's National Market System. Our sample is limited to the thirty Dow stocks. This selection is motivated by 1) our intention to include firms for which common factors in liquidity trading (e.g., because of indexation) and information are plausible a priori and 2) the fact that we need actively traded stocks to construct approximately concurrent order flows at high frequencies. The sample covers the 252 trading days in 1994. Table 1 gives summary statistics for market activity in the sample.
It is necessary to establish a common time-frame for the data series. We use fifteen-minute intervals covering 9:30 to 9:45, 9:45 to 10:00, . . . 15:45 to 16:00 for a total of 26 intervals per trading session on the NYSE. A time subscript t indexes these intervals. A fifteen-minute time resolution represents a compromise between, on the one hand, needing to look at correlations in contemporaneous order flows across stocks (e.g., at a one-second resolution few trades are contemporaneous) and, on the other, seeking to minimize simultaneity problems. In particular, at shorter horizons there is less time for feed-back effects from prices into subsequent order submissions due to portfolio insurance and other positive feed-back strategies. In addition, specification (3) ignores transitory mid-point dynamics. An interval significantly shorter than fifteen minutes would exacerbate these omitted dynamics.
b. Constructed data series
Three groups of variables are constructed from the TAQ data: returns, order flows and liquidity measures.
Returns. We use the log quote midpoint return, defined as
where m i,t is the midpoint of the NYSE bid and offer quotes for firm i prevailing at the end of interval t.
Order flows. Unsigned order flow measures are derived from the consolidated trade data.
Denote the number of trades for firm i in interval t by n i,t . For the τth trade, Because studies of short-term price-trade dynamics suggest that the trade impact is concave in size (see Madhavan and Smidt (1991) and Hasbrouck (1991) ), we also examine the cumulative square-root of the dollar volume ("SRD volume") ∑ =
We also explore size effects by constructing order flow measures based on small (≤2,000 shares), medium (2,001-10,000 shares) and large (>10,000 shares) trades.
Signed order flow measures,
, corresponding to the above are derived by letting the imputed sign (i.e., direction) of a trade be the sign of the difference
. Thus, a trade at the ask price is positive; a trade at the bid is negative. The individual signed trades are then summed over period t to obtain cumulative signed number, share volume, dollar volume and square-root dollar volumes. Trades occurring at the quote midpoint are dropped from the sum (effectively assigned a sign of zero).
Liquidity measures.
A specification such as equation (3) hers is the first market buy order to arrive, she can buy at least A N τ shares at the ask price A t . We employ the following measures:
The first three of these are standard. The last two combine both price and quantity information. Intuitively, they may be viewed as summary measures of the liquidity supply curve. As depicted in Figure 1 , the quote slope is the slope of the dotted line connecting the bid and ask price/quantity pairs. If more quantity is added at either the bid or ask, or if either quote is moved closer to the other, the line will flatten. As drawn in the figure, the line joining the quote/quantity pairs for any particular observation need not pass through
. The log quote slope is defined in a similar fashion, except that log prices are used on the vertical axis.
Standardizations. To differentiate stochastic sources of common time-variation from deterministic sources, series are standardized to remove time-of-day effects. For a representative variable "z", let z i,d,k denote the observation for firm i for fifteen-minute
where µ i,k and σ i,k are the mean and standard deviation for firm i and subperiod k, estimated across days.
Returns and signed volume measures
The central relationship in market microstructure is that between returns and order flows (i.e., signed as buyer-or seller-initiated) as in equation (1) or (3). This section describes the commonalities in returns and order flows, considered both separately and jointly. = of the total variation in returns can be explained by a single common factor. The second and third eigenvalues are close to one, however, indicating that additional common factors are of negligible importance. The first eigenvalues of the signed volume measures also suggest commonality. This is most evident for trades in the small (≤2,000 shares) and medium (2,001-10,000 shares) size classes, and less so for the large block trades (>10,000 shares).
a. Principal components
b. Canonical correlations
With two sets of variables, such as returns and signed order flow for all firms, common factors may be constructed using canonical correlation analysis. Denoting the two sets of variables as From among the various trading volume measures, we restrict our analysis to signed square-root dollar (SRD) volume, for brevity. We chose this variable simply because, among all of the signed volume measures, it is the one that is generally most highly correlated with returns at the individual firm level. Table 3 reports correlations of 2 If the data are multivariate normal, then eigenvalues of the sample covariance matrix have a known asymptotic distribution (Morrison (1976) ): with n observations on 
where
is the first canonical factor for the signed square-root dollar volume series.
The residual commonality may be quantified by performing a principal component analysis on the residual covariance matrix. This is formally known as a partial principal components analysis. From Table 2 , the first eigenvalue of the standardized return covariance matrix is 6.32. The first eigenvalue of the residual covariance matrix from regression (5) is 2.13, implying that roughly two-thirds of the first return component is explained by the first canonical SSRDV factor. This suggests that the factor structure of short-horizon returns has a strong microstructure foundation in the factor structure of order flows.
Absolute returns and trading volume
Although the motivating specification (1) for our analysis involves signed order flows and returns, it is also worthwhile to consider their unsigned (absolute value)
counterparts. There are two reasons for this. First, signing a trade by reference to the prevailing quote midpoint is a procedure subject to uncertainties and errors. For example, roughly one third of the trades are typically priced at the quote midpoint and, therefore , cannot be signed. Secondly, our analysis is a logical extension of the "price/volume" literature for individual securities and indexes. Trading volume (variously measured) and absolute price change are generally found to be positively correlated (see Karpoff (1987) and Gallant, Rossi, and Tauchen (1992) , among others). The present analysis can be viewed as a multifirm extension. In particular, it asks whether the price/volume correlation extends to common factors in prices and volumes. Table 4 reports statistics for the absolute returns and unsigned volume measures (corresponding to the signed variables in Table 2 ). Most importantly, the first eigenvalue of absolute returns is smaller than that of signed returns (3.64 vs. 6.32), suggesting a weaker common factor. This finding does not carry through, however, to the volume measures, for which the first eigenvalues are generally larger than the corresponding values for signed volumes. This may, in part, be a consequence of errors in signing trades. Table 5 summarizes the canonical correlations for the absolute measures (and corresponds to the signed measures given in Table 3 ). The general pattern is similar to that of Table 3 . The first canonical factors are moderately highly correlated (0.73) and are also correlated with their corresponding principal components. Thus, the comovements in absolute intraday price changes also have a strong microstructure foundation in absolute SRD volume. Table 6 presents descriptive statistics on the liquidity proxies and the eigenvalues of their correlation matrices. Because spreads and related quantities are likely to be strongly affected by the relative tick size, stocks that split during the year were dropped from the liquidity analysis. The sample here is the remaining twenty-four Dow firms that did not have stock splits in 1994.
Liquidity measures
The eigenvalues in Table 6 are, therefore, constructed from correlation matrices of dimension twenty-four. Even allowing for this, they are generally smaller than the corresponding magnitudes for returns or order flows (cf . Tables 2 and 4 ). This suggests that common variation in liquidity, at least over fifteen minute aggregation intervals is not large and, thus, that the determinants of variation in liquidity are largely (though not exclusively) firm-specific.
Price impacts
This section attempts to assess the variation and common covariation in the market depth parameters, λ i,t , in equation (3). Up to this point we have characterized common co-variation in returns, order flows, etc. using general multivariate techniques. This approach does not work for the depth parameters because they are not directly observed.
We therefore proceed by positing specific determinants.
Natural candidates for these determinants are the liquidity proxies and summary measures (e.g., spreads, depths, etc.) from the last section. These may be presumed to impound (in part) ex ante the expected cost of asymmetric information, which is, in turn, linked by economic theory to the price impact of a trade (the depth coefficient). With this in mind we posit a linear specification for the liquidity parameter in equation (3): To estimate equation (7) 
3 The dummy variable coefficients δ i in equation (7) are not identified without further restrictions (e.g., that one of them is zero). Present purposes require, however, identifying
We estimated specification (7) separately for each firm. 
which attributes the joint power to * ,
. The sum of the two terms is unaffected by the ordering (up to rounding error), and is on the order of 3-5%. The decomposition of the sum, of course, differs between the two panels. For the log quote slope liquidity proxy, the principal component term explains at most 0.9% of the variance, leaving 3.7%
explained by the own-firm term (Panel A). When the principal component term is added last, however, its incremental explanatory power is a mere 0.1%. Even taking the higher figure, however, it appears that common covariation in liquidity is dominated by firmspecific variation. Thus, the strong common liquidity factors suggested by the brief (but intense) periods of market crisis (e.g., 1987, 1989, etc.) do not appear to exist in "normal" trading regimes.
The composite specification (7) admits stochastic variation in λ i,t (via the ε i,t term).
But this variation is confounded with other sources of residual variation, and so is not econometrically identified. To test for this possibility we use a panel regression to estimate a variant of equation (6):
where D t is a vector of date dummy variables (i.e., one for each day). The associated coefficient vector η is the same for all firms. The coefficients η 1 (for day 1), η 2 (for day only the explanatory power associated with a set of variables (for which coefficient identification is not necessary).
2), . . . can be interpreted here as estimates of the daily realizations of a random (daily) liquidity factor. In other words, on a given day k, liquidity is partially driven by a realized factor η k common across all firms.
The new composite specification for returns (corresponding to equation (7)) is: 
Because the η coefficient vector is common across all firms, this specification is estimated jointly as a panel regression for all twenty-four firms. The results (not reported for brevity) are similar to the regressions in Table 7 . The incremental explanatory power of the date dummy terms is sensitive to the ordering of the variables, but is always dominated by the own-firm liquidity term. As before, time variation in effective liquidity seems to be largely firm-specific.
Conclusions
Taking as our starting point a linear microstructure specification in which returns are driven by signed order flow, this paper assesses the extent and role of cross-firm common factors in returns, order flows and market liquidity. We implement the analysis for the thirty Dow stocks in 1994 at short-term fifteen-minute intervals using timeaggregated trade and quote data.
We find that common factors exist in both absolute and signed order flow. These explain part, but not all, of the common variation in absolute and signed returns. This conclusion does not depend on whether the common factors were constructed using principal components (given cross-sectional variance within a single set of variables, e.g., returns) or canonical correlations (given cross-sectional covariance between two sets of variables, e.g., returns and signed order flow).
Our assessment of liquidity is less supportive of economically significant common factors. After standardizing to remove time-of-day effects, the strength of any common factors in spreads and related liquidity measures, as judged by the first principal components of the correlation matrices, is modest. This is confirmed by cross-sectional regressions in which price impact coefficients are projected on various explanatory variables. Own-firm effects dominate the principal component ("common factor") effects and daily liquidity factor estimates. Thus, the systematic liquidity effects visible during market crises such as 1987 and 1989 do not appear to characterize normal trading.
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